increase, especially in key aspects of sustainability like the food sector and agricultural. DSS can be applied to various levels of these sectors, from local and national level to international level of organizations, like the European Union (EU). DSS in food industries and agriculture are fast evolving scientific disciplines with much to offer in key issues like sustainability of resources (Manos et al., 2004; Bournaris et al., 2002) . The aim of this chapter is to present an extensive case study involving the use of a well known (DSS) entitled DEA-Solver. More specifically, this case study focuses on the evaluation of food production industry at firm-level. Since this study deals with evaluating the relative performance of one unit compared to others, the most appropriate method to be used is DEA. A major benefit of the DEA methodology is that, it supports the manager in order to take decisions in difficult cases, where complex relations exist between the multiple inputs and outputs involved in the activities of his/her company.
DEA method, initially proposed by Charnes et al. (1978) , involves the use of linear programming tools to construct a non-parametric surface over the available data. Performance (or efficiency) measures are then calculated in relation to this surface. A brief outline of the DEA methodology, having an input orientation and assuming constant returns to scale (CRS), follows: suppose we have data on n inputs and m outputs for each of k firms. Thus, the data for all k firms, referred to as Decision Making Units (DMUs), are represented in the nxk input matrix X and the mxk output matrix Y. An efficiency measure of a DMU, for example the unit 1, is given by the ratio of all outputs over all inputs, such as u´•y 1 / v´•x 1 , where u is an mx1 vector of output weights and v is an nx1 vector of input weights. The DEA problem is formulated as follows (Coelli et al., 2005; Talluri, 2000) : find optimal values for u and v, such that the efficiency measure for the firm 1 to be maximized, subject to the constraints that the efficiency measures for each DMU must be less than or equal to unity. 
The vectors u and v were replaced by p and q, in order to be stressed that this is a different linear programming problem. It is well known from duality theory, that every (primal) linear problem-model can be converted to another (dual) linear problem-model (Bazaraa et al., 2005) . If an optimal solution exists, then these two previously mentioned linear problems have the same value of the objective function. Some times (depending on the structure of the linear problem) instead of solving the primal model, it is much easier to solve the corresponding dual model. The dual form in the case of DEA ("envelopment form") is presented below:
Where:
θ is the efficiency score for the DMU 1 (0 < θ ≤ 1)
λ is a kx1 vector of constants.
If the sum of input and output items is less than the number of firms plus one (i.e., n + m < k + 1), as usually occurs, the envelopment form involves fewer constraints and is easier to be solved than the multiplier form (Charnes et al., 1995) . The solution to (P.3) does not comprehend the possible input excesses s -and output shortfalls s + of the DMU under examination, which are identified as "slack" vectors by s -= θ•x 1 -X•λands + = -y 1 + Y•λ. To discover the possible input excesses and output shortfalls, we solve the following twophase linear programming problem (Cooper et al., 2007) : i) the dual problem is solved and the optimal value θ* is incorporated in the second phase, ii) the sum of input excesses and output shortfalls is maximized while keeping θ = θ*. In order to keep minimizing the objective function, this can be written as follows: 
If the optimal solution of the two-phase procedure satisfies θ * = 1 and is zero-slack (s -* = 0, s +* = 0) then the DMU under examination is CCR-efficient.
As previously noted, the CCR model has an input orientation and assumes constant returns to scale. The choice of input or output orientation has no influence on the set of firms evaluated as efficient and a minor influence upon the efficiency scores obtained. On the other hand, the assumption of constant returns to scale is only appropriate when all firms operate at an optimal scale. If this is not a valid assumption, as usually occurs, the CCR model should be extended to account for variable returns to scale. Among the several extensions of the CCR model which have been proposed so far, the BCC model (Banker et al., 1984) is the most representative. The BCC model (variable returns to scale) differs from the CCR model (constant returns to scale) only in that the former includes the convexity condition in its constraints:
where e is a 1 x k vector of ones. Thus, the envelopment form for variable returns to scale of the BCC model is given below:
We should note that the two-phase procedure described for the CCR model could also be ap- DEA models have been applied for the measurement of the relative performance in many situations, such as hospitals (Oliveira & Bevan, 2008; Kazley & Ozcan, 2009 ), universities (Fandel, 2007 Tyagi et al., 2009) , banks (Lin et al., 2009) , and many more diverse types of DMUs. Therefore, it is not a surprise to find DEA models applied also in the food production industry. For example, a work examining the effects of productive efficiency on the survival of firms in the Greek food sector, using a DEA model, is described by Dimara et al. (2008) . Assaf & Matawie (2009) studied the level of technical, allocative, and cost efficiencies of Australian hospital foodservice operations is analyzed using a DEA model. For an extensive bibliography on DEA, one can read the works of Emrouznejad et al. (2008) and Cook & Seiford (2009) .
Furthermore, other methods for the measurement of the technical efficiency also exist in the literature. For example, a work examining the Italian meat, fruit & vegetables industries, using the Stochastic Frontier Analysis (SFA), is presented by Brasili & Maccarini (2003) . Several other case studies in the food sector, based on SFA, have been reported (e.g., Ajewole et al., 2008; Baltas, 2005) .
METHOD AND RESEARCH DESIGN

Dataset Description
For the purposes of this chapter, the most recent data available at the time of writing have been chosen, published by the JRC of the European Commission (2008) . Such a choice ensures the credibility, as well as the conformity of the sampled data. The above organization provides a dataset concerning the R&D ranking of the top 1000 EU companies, as well as the top 1000 non-EU companies. The dataset, which is in a spreadsheet format, presents the R&D investments of these companies in many different industries; however, our research has been focused on the companies belonging to the food production industry. It should be mentioned that, all the companies in the dataset appear in a ranking order, which only reveals their level of R&D investment and not any estimation of their efficiency. It is important to point out that some companies, whose data were not of comparable magnitude, have been excluded.
As we have already mentioned, efficiency is measured by the ratio of all outputs over all inputs. Selecting the appropriate output and input items is a crucial decision since the omission of some important items could lead to a miscalculation of the efficiency ratio. However, it is not always an easy task to include all the necessary inputs and outputs because some data may not be published by all the examined DMUs. In this research, input items are: (1) number of employees, (2) capital expenditure, and (3) research and development (R&D) investment. Correspondingly, output items are: (4) net sales, and (5) operating profit. A brief outline of each of the above indicators follows:
1. Number of employees: it is associated with the most important resource of a firm, i.e. labour. The average number of employees is used or the number of employees at the end of the reference period if the annual average is not available. 2. Capital expenditure: it is a significant kind of expense, especially for a producing company. It is referred to the expenditure of a company to acquire or upgrade physical assets, such as equipment, property or industrial buildings. In accounting, a capital expenditure is added to an asset account ("capitalized"), thus increasing the amount of assets.
3. R&D investment: research is defined as original and planned investigation undertaken with the prospect of gaining new scientific or technical knowledge and understanding. Development is the application of research findings or other knowledge to a plan or design for the production of new or substantially improved materials, devices, products, processes, systems or services before the start of commercial production or use (Eurostat, 2008) . 4. Net sales: it is calculated as the amount of sales generated by a company after the deduction of returns, allowances for damaged or missing goods and any discounts allowed. 5. Operating profit: it is calculated as profit before taxation, plus net interest cost (or minus net interest income) and government grants, arising from the sale/disposal of businesses or fixed assets. Table 1 lists all the companies which took part in our research.
Description of the DEA-Solver DSS
This chapter presents a case study involving the use of a well known DSS entitled DEA-Solver. DEASolver v6.0 is commercial software (SAITECH Inc.) and is thoroughly described in the book of Cooper et al. (2007) . Since the total number of the companies (either EU or non-EU) in the dataset employed in our research was less than fifty, we were able to use the trial version of the software. The DEA-Solver constitutes a spreadsheet-based DSS; therefore it was a very convenient tool for us in order to handle the dataset described in the previous subsection. Upon initiating the DEA-Solver application, the user has to select the DEA model and also provide the Excel file containing the dataset. Having selected the appropriate DEA model, the user must now specify the data file. Figure 2 depicts a series of some more screenshots, until the procedure is finished and the results are ready to be presented to the user.
RESEARCH RESULTS
The efficiency scores and the input and output slacks are given in Table 5 shows the differences between the actual and the expected data when each inefficient DMU is projected onto the efficient frontier. These differences represent the required reductions for each of the input items, as well as the required increases for each of the output items. It is characteristic that some differences expressed as percentages range at a particularly high level. For instance, the required reduction of R&D investment for DMU 3 is about 83%, while the respective increase of operating profit for DMU 32 is about 233%. Therefore, this table should be considered as a guide for all the examined DMUs to comprehend which input or output item exactly and to what extent they have to improve in order to operate efficiently.
CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS
The main scope of DEA is to compare DMUs in terms of their efficiency in converting inputs into outputs. Several applications of this methodology have been reported in the international bibliography, as for example for evaluating overall performances of suppliers in a manufacturing firm (Liu et al., 2000) . In this chapter, we have presented an analytical case study of the DEA methodology using a well known DSS. We have been able to identify which food production companies are more efficient and moreover, for those which are not so efficient, to what extent they have to improve. One interesting remark is that, from the 13 fully efficient DMUs there are 8 non-EU and 5 EU companies. More precisely, the corresponding ratio for the non-EU companies is 8 out of 13 (61.54%), while for the EU companies the ratio is 5 out of 13 (38.46%). This fact could be partially explained due to different governmental and/or tax policies in each country / state. One more important remark is the fact that several companies, which participate in our study, have invested a great amount of money for the establishment of research centers worldwide. Some of these well known companies are, for example, Nestle, Kraft Foods, and McCormick. Of course, not all the companies are in position to invest in R&D activities; however, the existence of such innovation centers constitutes a crucial factor in their efficiency. It should be mentioned that, if we had access to even more data, meaning more input / output variables then our model would be improved and the results would reflect more precisely the reality. However, it is difficult to find each possible type of a company's data. In this case, our main concern was the reliability of data and of course the availability of each type of data for every company. Finally, it would also be useful to compare the previously mentioned DMUs using other methods or models, like for example other multicriteria decision making methods (Li & Reeves, 1999; Gholam et al., 2006; Opricović & Tzeng, 2008 Table 5 . continued could be used as a benchmarking guide for possible improvement of the efficiency of a food production company.
